BACKGROUND AND PURPOSE: Glioblastomas, brain metastases, and PCLs may have similar enhancement patterns on MR imaging, making the differential diagnosis difficult or even impossible. The purpose of this study was to determine whether a combination of DTI and DSC can assist in the differentiation of glioblastomas, solitary brain metastases, and PCLs.
G
lioblastomas, brain metastases, and PCLs are common brain malignancies in adults, which may have similar enhancement patterns on MR imaging. Conventional MR imaging is very limited in making the distinction. Contrast enhancement on T1-weighted images reflects areas of bloodbrain barrier breakdown regardless of the pathology. FLAIR imaging can depict a large portion of the tumor but also is nonspecific.
1,2 Accurate preoperative diagnosis is often crucial because the management and prognosis of these tumors are substantially different. [3] [4] [5] For example, patients with glioblastomas are almost always treated by surgical resection, 4 while patients with suspected brain metastases without a clinical history of systemic cancer should undergo a complicated systemic staging to determine the site of primary carcinoma and evaluate other distant metastases before any surgical intervention or medical therapy. 5 PCLs are managed primarily with chemotherapy or radiation therapy after stereotactic biopsy. 3 DTI has been widely reported in brain tumor classification. 1, [6] [7] [8] [9] The ADC value, measured from diffusion-weighted imaging or DTI, has been reported to be inversely correlated with cellularity in tumors. 7, 8 Prior studies have shown that ADC can help differentiate PCLs from high-grade gliomas 1, [6] [7] [8] 10 and brain metastases 8 ; however, other studies have reported a substantial overlap between these tumor types. 11, 12 DTI also provides diffusion anisotropy information about the tissue, such as FA, CL, CP, and CS. Of these parameters, FA has been most commonly used in the study of brain neoplasms. 13, 14 In contrast to ADC, the relationship between FA and cellularity has not been substantiated. Toh et al 10 reported
significantly decreased FA in highly cellular cerebral PCLs compared with glioblastomas, whereas Kinoshita et al 14 demonstrated high FA values in PCLs. Our previous study demonstrated that DTI metrics, including ADC, FA, and CP, from the enhancing region of the tumor can differentiate glioblastomas from brain metastases with 92% sensitivity and 100% specificity. 9 DSC provides maps of CBV, which correlate with tumor vascularity and allow indirect assessment of tumor angiogenesis. 2, 15 Vascular proliferation and tumor angiogenesis are among the most important factors in the biologic behavior of malignant brain tumors. 16 An increase in the microvascularity and neovascularity of these tumors leads to increased rCBV. It has been reported that PCLs have lower mean rCBV, [17] [18] [19] or lower rCBV max values 6,20-22 compared with glioblastomas or brain metastases. 17 In the peritumoral region, glioblastomas demonstrate elevated rCBV due to tumor infiltration in the normal brain parenchyma in comparison with brain metastases. 23 In this study, we hypothesized that a combination of DTI (FA, ADC, CL, CP, and CS) and DSC (rCBV) parameters can assist in better differentiation of glioblastomas, solitary brain metastases, and PCLs. A 2-level decision tree and a multivariate logistic regression analysis were used to determine the best model for tumor classification.
Materials and Methods

Patients
Sixty-seven patients with solitary enhancing lesions based on contrast-enhanced T1-weighted images were retrospectively identified by evaluating reports of brain MR imaging and postsurgical histopathologic studies performed at our institution between September 2007 and August 2009. Patients with nonenhancing or multiple enhancing tumors or a clinical history of any prior therapy to the brain were excluded. The study was approved by the institutional review board and was compliant with Health Insurance Portability and Accountability Act.
Histopathologic diagnosis of the tumor was obtained in all patients by surgical resection or biopsy. The final diagnosis included 26 glioblastomas (13 men, 13 women; mean age, 57.3 Ϯ 15.4 years; range, 19 -86 years), 25 brain metastases (14 men, 11 women; mean age, 59.4 Ϯ 12.3 years; range, 45-85 years), and 16 PCLs (7 men, 9 women; mean age, 67.3 Ϯ 12.3 years; range, 42-82 years). Of the 25 patients with brain metastases, the primary sites of cancer consisted of lung (n ϭ 18), breast (n ϭ 5), melanoma (n ϭ 1), and colon (n ϭ 1). Of the 16 patients with PCLs, 12 were immunocompetent and 4 were immunocompromised. All the PCLs were diffuse large B-cell lymphomas.
Data Acquisition
MR imaging studies were performed on a Tim Trio 3T whole-body scanner (Siemens, Erlangen, Germany) by using a 12-channel phased-array head coil. Routine MR pulse sequences included axial T1-weighted 3D MPRAGE (TR/TE/TI, 1760/3.1/950 ms; matrix size, 192 ϫ 256; section thickness, 1 mm; acquisition time, 3 minutes 10 seconds) and axial fast FLAIR (TR/TE/TI, 9420/141/2500 ms; section thickness, 3 mm; acquisition time, 3 minutes 10 seconds) images. DTI data were acquired by using a single-shot spin-echo echo-planar sequence with parallel imaging by using GRAPPA and an acceleration factor of 2. Sequence parameters used were the following: TR/TE, 5000/86 ms; NEX, 3; FOV, 
Image Processing
The diffusion-weighted images were coregistered to the non-diffusion-weighted (bϭ0) images to minimize the artifacts induced by eddy currents and/or subject motion by using the method described earlier. 9 The corrected raw images were combined to estimate rotationally invariant DTI parameter maps using DTIStudio, Version 3.0 (H. Jiang, S. Mori; Johns Hopkins University, Baltimore, Maryland). Pixel-wise ADC, FA, CL, CP, and CS maps were computed by using the following equations:
where 1 , 2 , and 3 are the 3 eigenvalues of the diffusion tensor and denotes the mean of the 3 eigenvalues. ADC is a measure of the directionally averaged magnitude of diffusion, whereas FA represents the degree of diffusion anisotropy. 24 CL, CP, and CS further describe the shape of the diffusion ellipsoid. CL is a measure of linear shape anisotropy, where diffusion is mainly along the direction corresponding to the largest eigenvalue; CP is a measure of planar anisotropy, where diffusion is mainly restricted to the plane spanned by the 2 eigenvectors corresponding to the 2 largest eigenvalues; and CS is a measure of spheric anisotropy (ie, isotropic diffusion). 25 CBV maps were reconstructed from the DSC data by using a PWI task card (The Massachusetts General Hospital, Boston, Massachusetts) on a Leonardo workstation (Siemens). The scalar DTI, CBV maps, and FLAIR images were then coregistered to contrast-enhanced T1-weighted images. A semiautomatic segmentation approach was used to subdivide each lesion into 3 regions: ER, IPR, and DPR, by using contrast-enhanced T1 and FLAIR images following the method described previously. 9 Briefly, 1 region of interest was drawn over the FLAIR abnormality on every section to create a 3D composite mask. Similarly, another mask was drawn on the contrast-enhanced T1-weighted images for the contralateral normal WM. ER was defined as the region with enhancement higher than mean ϩ 3 SDs of the signal intensity from the WM. The IPR was chosen as a 4-mm-wide band around the enhancing region. The remaining region of FLAIR abnormality, outside the IPR, was defined as the DPR. The CBV maps were normalized to the contralateral normal-appearing WM to generate rCBV. For CBV measurements, regions of interest were manually adjusted to avoid areas of cerebral blood vessels, calcifications, hemorrhage, and CSF-filled sulci by a neuroradiologist (S.W. 
Statistical Analysis
A Mann Whitney U test was used to test the differences among glioblastomas, brain metastases, and PCLs in terms of median ADC, FA, CL, CP, CS, rCBV, and rCBV max values in each region of interest (ER, IPR, and DPR). A P value Ͻ .05 was considered significant. A 2-level decision tree was designed to discriminate the 3 types of tumors (Fig 1) . At the first level, metastases and PCLs were grouped together as nonglioblastomas and were classified from glioblastomas. At the second level, nonglioblastomas were further subclassified into metastases and PCLs. At both levels, a univariate logistic regression analysis was first used to evaluate the predictive power of individual parameters in each region. The parameters with high predictive power (P Ͻ .20, Wald test) were selected and fed into a multivariate logistic regression analysis to determine an optimal LRM for tumor classification. A leave-one-out cross-validation approach was applied to estimate the accuracy of the LRM. AUCs of ROC were computed by using the selected parameters and LRM output. A cutoff value for each parameter was determined by maximizing the sum of sensitivity and specificity. All data analysis was conducted by using the Statistical Package for the Social Sciences for Windows, Version 15.0 (SPSS, Chicago, Illinois).
Results
Representative images of a patient with glioblastoma are shown in Fig 2. The conventional images look similar among glioblastomas, brain metastases, and PCLs. On contrast-enhanced T1-weighted images, all the tumors showed ring or solid enhancement. FLAIR images demonstrated extensive hyperintense signal-intensity abnormalities. The enhancing part of glioblastomas appeared to have higher anisotropy (FA, CL, and CP) compared with brain metastases and PCLs. On the CBV maps, glioblastomas and brain metastases tended to have higher CBV compared with PCLs. A capsulelike ring surrounding the tumors was observed on the CP maps in 24/26 glioblastomas, 17/25 brain metastases, and 3/16 PCLs.
Comparison of Imaging Parameters between Glioblastomas, Brain Metastases, and PCLs
A pair-wise comparison of diffusion and perfusion parameters among these 3 types of tumors by using the segmented regions of interest is shown in Fig 3. A comparison between glioblastomas and metastases did not demonstrate any significant difference in the median ADC values from any of the segmented areas. The median FA values showed significant differences in the ER (P Ͻ .001) and IPR (P Ͻ .001) but not in the DPR. Similarly, CL and CS values also showed significant differences in the ER (P Ͻ .001) and IPR (P Ͻ .001). The median CP values showed significant differences in all 3 regions (P Ͻ .001 for ER, P Ͻ .05 for IPR and DPR). The median rCBV values showed a significant difference only in the IPR (P Ͻ .05).
For glioblastomas versus PCLs, the median ADC value showed a significant difference in the ER (P Ͻ .001). Both median FA and CP values showed significant differences in all the 3 regions (P Ͻ .001 for ER, P Ͻ .05 for IPR and DPR). CL and CS demonstrated significant differences in the ER (P Ͻ .001) and IPR (P Ͻ .05). The median rCBV and rCBV max showed significant differences in the ER (P Ͻ .01) and IPR (P Ͻ .01).
For brain metastases versus PCLs, there was a significant difference from the ER in the median ADC value between the 2 tumors (P Ͻ .05). However, the median FA and CL values did not show any significant difference in any of the 3 regions. The median CP and CS values showed a significant difference only in the IPR (P Ͻ .05). The rCBV max from the ER showed a significant difference between these 2 tumors (P Ͻ .05).
Discrimination Model Based on Statistical Analysis
Glioblastomas versus Nonglioblastomas. Univariate analysis selected 15 of 21 parameters (7 parameters in 3 regions) as variables with high enough predictive power (P Ͻ .20, Wald test). Each parameter was evaluated for its discriminative ability by using ROC analysis (Table 1) . FA (AUC ϭ 0.84) from the ER was the single best predictor for classification, followed by CS (AUC ϭ 0.82) from the ER. The selected parameters were then used for a multivariate logistic regression analysis with forward stepwise selection. The results indicated that the best LRM for differentiation, of glioblastomas from nonglioblastomas was achieved with 3 parameters, including ADC and CS from the ER, and rCBV from the IPR as follows:
where ␤ 0 ϭ 17.73, ␤ 1 ϭ 6.97, ␤ 2 ϭ Ϫ36.86, and ␤ 3 ϭ 1.97. Figure 4A shows the ROC curves for DTI parameters with high predictive power from the ER and the best LRM. The LRM of the 3 parameters (ADC ER , CS ER , and rCBV IPR ) was more accurate than individual parameters alone. The cutoff value for the LRM was 0.45 with sensitivity ϭ 89%, specificity ϭ 93%, and AUC ϭ 0.938. Leave-one-out cross-validation analysis revealed that 89.6% of cases were correctly classified by using the LRM.
To evaluate the value of tensor shape measurement and perfusion, we did logistic regression analysis without each of them. The best LRM without tensor shape parameters included ADC ER , FA ER , and rCBV IPR with AUC ϭ 0.938. The best LRM without DSC parameters consisted of ADC ER and CS ER with AUC ϭ 0.912. We noticed that either FA ER or CS ER was selected for the LRM and resulted in almost the same AUC. A scatterplot of FA and CS from ER is shown in Fig 5. FA and CS have a strong negative correlation (r ϭ 0.99).
Brain Metastases versus PCLs. Eleven of 21 parameters were selected from univariate analysis and evaluated for their discriminative ability by using ROC analysis (Table 2) . ADC was the single best classifier with AUC ϭ 0.78. The selected parameters were then fed into a multivariate logistic regression. The best LRM for the probability of brain metastases was achieved with 2 parameters (ADC from ER and CP from the IPR) as follows:
where ␤ 0 ϭ Ϫ15.62, ␤ 1 ϭ 9.84, and ␤ 2 ϭ 61.63. Figure 4B shows the ROC curves for DTI parameters with high predictive power from the ER and the best LRM. The LRM of the 2 parameters (ADC ER and CP IPR ) resulted in sensitivity ϭ 77%, specificity ϭ 94%, AUC ϭ 0.909, and a cutoff value of 0.73. Leave-one-out cross-validation analysis showed that 81.6% of cases were correctly classified by using the LRM of ADC ER and CP IPR . The best LRM without tensor shape parameters included ADC ER , FA IPR , and rCBV max with AUC ϭ 0.881. The best LRM without DSC parameters stays the same as including all the parameters, ADC ER and CP IPR with AUC ϭ 0.909. The overall classification results from levels 1 and 2 are summarized in Table 3 , which shows that the overall accuracy for glioblastomas, brain metastases, and PCLs was 84.6%, 76%, and 75%, respectively.
Discussion
In this study, the 3 most common enhancing malignant brain tumors, glioblastomas, brain metastases, and PCLs, were dif- ferentiated by using diffusion and perfusion imaging metrics. Significantly elevated FA, CL, and CP and decreased CS values from the ER were observed in glioblastomas compared with brain metastases and PCLs. In addition, ADC, rCBV, and rCBV max values from the ER of glioblastomas were significantly higher than those of PCLs. The logistic regression analysis indicated that the best model to distinguish glioblastomas from nonglioblastomas consisted of ADC, CS (or FA) from ER, and rCBV from IPR, with an AUC ϭ 0.938. The second level of decision tree demonstrated that the best model to differentiate PCLs from brain metastases comprised ADC from ER and CP from IPR, with AUC ϭ 0.909. These results suggest that the proposed analysis of DTI and perfusion parameters aids in improved differentiation among the 3 tumor types.
ADC and FA from the Enhancing Region of the Tumor
Diffusion-weighted imaging provides information about the mobility of water molecules in tissue. Tumor cellularity has been reported to be a major determinant of ADC values in brain tumors. 7, 8 Guo et al 7 reported that the mean ADC values relative to the normal WM in the PCLs were significantly lower than those in high-grade astrocytomas. Simultaneously, the mean nuclear/cytoplasm ratio in PCLs was significantly higher than that in high-grade astrocytomas, indicating that high cellularity in PCLs contributes to the restricted diffusion. Yamasaki et al 8 also reported that ADC values in PCLs were significantly lower than those in glioblastomas and brain metastases. Our result of reduced ADC in PCLs compared with both glioblastomas and brain metastases is concordant with these previously published reports.
In contrast to ADC, both positive 13, 14 and negative correlations 10 have been reported between FA and tumor cellularity. The possible reason for these conflicting reports may be due to the difference in the regions of the tumor analyzed. 9, 14 Among the tumor types studied, PCLs usually have the highest cellularity, followed by glioblastomas and brain metastases. [28] [29] [30] Elevated FA from the ER of glioblastomas in comparison with both brain metastases and PCLs in our study indicates that diffusion anisotropy may not directly correlate with tumor cellularity. It has been reported that anisotropy in tumor tissue is affected by several factors including extracellularto-intracellular space ratio, extracellular matrix, tortuosity, and vascularity.
31,32
Shape of Diffusion Tensor in Brain Tumors
The geometric properties of the shape of the diffusion tensor can be described as linear, planar, or spheric diffusion based on diffusivity. 25, 33, 34 While CL specifically highlights the regions of tubular tensors, CP indicates regions of planar tensors. CS suggests isotropic tensor. CL, CP, and CS provide further tensor shape differentiation compared with FA. 25, 33, 35 Anisotropy changes within and surrounding the tumor have been demonstrated in animal studies, indicating that tensor shape is related to the macroscopic organization of tumor cells. 36, 37 The types of the tumor, the degree of invasiveness, and growth rate will affect the diffusion properties. 37 Tensor shape measurements have also been used to characterize pathologic changes in the human brain. As observed in the present study, Zhang et al 33 reported decreased CL in brain metastases. Tensor shape measurements have also been used to differentiate subtypes of meningiomas, 38, 39 to distinguish true from pseudo-WM tracts inside abscess cavities, 40 and to characterize epidermoid cysts 41, 42 and brain tuberculomas. 43 In a previous study, we demonstrated elevated FA, CL, and CP from the ER of glioblastomas in comparison with brain metastases. 9 Similar to the previous observation, we noted higher anisotropy from ER in glioblastomas compared with both brain metastases and PCLs. These results suggest that tensor shape measurement provides additional information about diffusion characteristics, which may further assist in tumor classification.
A ring with high CP was also observed in most glioblastomas and brain metastases. However, only 3 of 16 PCLs demonstrated the presence of this ring. While the potential reason for the observation of this ring remains speculative, its presence has been reported in meningiomas 39 and may reflect compression of surrounding tissue by the tumor. 33, 39 However, it remains unclear as to why such a phenomenon was not observed in most PCLs in the present study.
rCBV in Malignant Enhancing Tumors
We observed significantly lower rCBV and rCBV max from the ER in PCLs in comparison with glioblastomas. The rCBV max also showed a significant difference between PCLs and metastases. Several studies [20] [21] [22] have reported that DSC perfusionweighted MR imaging can differentiate glioblastomas and metastases from PCLs on the basis of rCBV or rCBV max , which is consistent with our finding. Glioblastoma, a World Health Organization grade IV astrocytoma, is characterized by tumor angiogenesis. 28 Metastatic tumors spread into the brain via hematogenous routes and hence induce neovascularization as they grow and expand. In contrast to glioblastomas and metastases, tumor neovascularization is absent in PCLs. PCL is well-known for its angiocentric growth pattern, in which the PCL cells tend to cluster around pre-existing brain vessels. 29 This can explain the lower rCBV in PCLs observed in our study. Similar to our observation, several prior studies have reported that rCBV from the ER may not be helpful for discrimination between glioblastomas and brain metastases. 44, 45 In the peritumoral region, elevated rCBV was observed in glioblastomas compared with both metastases and PCLs. This may be due to the difference in the pathophysiology of the peritumoral region of glioblastomas, metastases, and PCLs, of which glioblastomas are more infiltrative compared with metastases and PCLs. 23, 28, 29 Logistic Regression Model for Classification Individual parameters have a limited role in tumor classification. In our study, the single best predictor for differentiating glioblastomas from nonglioblastomas was FA with AUC ϭ 0.84, sensitivity ϭ 0.85, and specificity ϭ 0.78. To improve the discriminative ability, we proposed a 2-level decision tree for tumor classification. At each level, multivariate logistic regression analysis was applied to determine the best model for this classification. We observed that the combination of ADC, CS (or FA) from the ER, and rCBV from the IPR is the most powerful predictor for differentiating glioblastomas from nonglioblastomas, with sensitivity ϭ 89%, specificity ϭ 93%, and AUC ϭ 0.938. A combination of ADC from the ER and CP from the IPR was the best model to distinguish brain metastases from PCLs, with sensitivity ϭ 77%, specificity ϭ 94%, and AUC ϭ 0.909. Compared with our previous study, 9 we incorporated perfusion data in the analysis and included PCL in the differential diagnosis. Thus the present study dealt with a completely different problem because we were trying to classify 3 types of tumors. Most of the earlier studies performed pair-wise comparisons, such as glioblastomas versus metastases 6, 8, 19 or glioblastomas versus PCLs. [6] [7] [8] 10, 19 Our approach of using the LRM model is unique in the sense that we designed a 2-level decision tree and were trying to detect glioblastomas from other types of tumors; this distinction is much more challenging in clinical practice. Furthermore, the semiquantitative approach for registration and segmentation used in this study is much more objective and robust. Thus, it is an incremental yet important step for tumor classification.
A limitation of this study is the retrospective analysis of the ROC curves of the imaging parameters with high predictive power from the enhancing part as well as the LRM for levels 1 (A) and 2 (B ) of decision tree steps (Fig 1) . LRM of ADC, CS from ER, and rCBV from the IPR were the best predictors for differentiation of glioblastomas from nonglioblastomas with AUC ϭ 0.938 (A), whereas a combination of ADC from the ER and CP from the IPR was the best model for distinguishing lymphomas from metastases with AUC ϭ 0.909 (B ).
Fig 5.
Scatterplot of FA and CS from the enhancing region of the glioblastomas (blue square) and nonglioblastomas (purple square). There is a strong negative correlation between FA and CS (r ϭ 0.99). imaging data. As such, we were unable to exactly match the segmented regions of interest with histology; and the potential reason for elevated FA, CL, and CP in glioblastomas compared with both metastases and PCLs remains speculative. Future studies that directly correlate imaging with histologic observations will be important for more accurate interpretation of imaging parameters.
Conclusions
Our study shows that the combination of ADC, CS (or FA) from ER, and rCBV from the IPR was the best predictor for differentiation of glioblastomas from nonglioblastomas, whereas the LRM of ADC from the ER and CP from the IPR were the best models for distinguishing lymphomas from metastases. Our study indicates that a combination of DTI metrics and rCBV measurement can help in the differentiation of glioblastomas, brain metastases, and PCLs.
